Computing job satisfaction with social comparison process : an agent-based approach by Chapuis, Kevin & Kant, Jean-Daniel
Computing Job Satisfaction with Social Comparison
Process : an Agent-Based Approach
Kevin Chapuis
Sorbonne Universite´s - UPMC Univ Paris 06





Sorbonne Universite´s - UPMC Univ Paris 06
LIP6 - UMR 7606 F-75005, Paris, France
Email: jean-daniel.kant@lip6.fr
Abstract—In this article we propose a brief overview of
Happywork, a multi-agent based model of job satisfaction inspired
by well established psychosocial theories. We focus here on the
cognitive dimension of job satisfaction that will be built from
work features. The model is intended to model and simulate
the core mechanisms that underlie individual evaluation of the
job. We present here the model and some preliminary results
that show significant consequences of job enhancement policy in
term of comparison outcome.
I. INTRODUCTION
Work is the activity in which people spend most of their
daylight time. According to opinion survey regarding life
domains, job often comes at the top ranking in terms of
subjective importance [4] and job satisfaction is one of the
strongest predictor of overall happiness [7]. Moreover, the
interest in job satisfaction has recently increased when more
firms and governments realize the importance of work-related
illnesses. Many reports (e.g. [41]) point out the increasing
number of psychosocial risks at work, including muscu-
loskeletal disorders, depression or burn-out. These clinical
consequences are usually associated with typical behavioural
patterns - e.g. absenteeism, withdrawal behaviour, quitting or
job dissatisfaction [14] - that non only affect the firm but
also send a warning sign about employees’ psychophysical
condition.
In this article we focus on mechanisms that lead someone
to judge his/her work more or less satisfying. By contrast
with many normative approaches, our methodology relies on
psychomimetism [21] : we want our model to derive from
well-established (mainly from human experiments) theories
in social psychology, taking therefore a rather descriptive
approach.
A. Defining Job Satisfaction
Job satisfaction is roughly about “how people feel about
their jobs and different aspects of their jobs [...] the extent to
which they like (satisfaction) or dislike (dissatisfaction) their
jobs.” [35]. The seminal work of Locke [26] goes further to ex-
plain the content of this feeling, that is: “the pleasurable emo-
tional state [i.e. job satisfaction] resulting from the appraisal
of one’s job achieving or facilitating one’s values.” As the
new direction initiated by Easterlin [8], job satisfaction field
of study lies on the subjective experience, either ”feelings”
about or ”appraisal” of the job. Although there is a relative
consensus about the nature of job satisfaction, there are many
controversies regarding the content and area of influence of
this subjective reactions to job conditions. In this work we
followed an attitudinal approach.
B. The attitudinal approach of job satisfaction
In this approach, job satisfaction is mostly conceptualized
as an attitude toward the job [35]. Here, attitude refers to
Allport’s view of a “mental state of readiness” that will
influence the individual’s response to a social object and all
related objects and situations [2]. Following Hulin & Judges
[17] this job attitude have three main components : cognitive
(evaluative), affective (or emotional), and behavioural.
1) Cognitive dimension: It focuses on information pro-
cessing based on job features [10]. Among many of these
cognitive approaches, we find Social Information Processing
[31], Value-Based Evaluation [26], input/output based judg-
ment (e.g. the Cornell Model [18]) and Needs Based Judgment
(e.g. the Job Characteristics Model [12]). The job attitude is
computed through a comparative evaluation of job features, i.e.
an aggregation of perceived discrepancies between job features
and a set of standards (referents) [5]. These referents could be
alternative situations (lived in the past or by others or even
mentally experienced ones [23]) or abstract standards (values,
needs, etc.).
2) Affective dimension: It includes affective response at
work [20], emotional responses to job events [43], personality
bias and interaction between affective and cognitive evaluation
while at work [42]. However, several authors warn about the
speculative content of mechanisms involved in emotion at
work and their links with cognitive reaction to job events and
features. Emotion and cognition are intimately related to one
another, but no consensus emerges on their respective roles in
job satisfaction formation [19].
3) Behavioural dimension: It is about how job attitude
influence the subject’s behaviour and actions. Therefore, it is
of great interest since a good understanding of the relation be-
tween attitude and behaviour can provide insights to improve
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organization outcomes [1]. Note that this component is mostly
studied as a consequence rather than as an antecedent of job
satisfaction: for instance, one will study if a very unsatisfied
employee will under-perform or be ill more frequently [14].
C. Related Works in agent-based Simulation (ABS)
While many models of opinion dynamics have been pro-
posed in the ABS, only few of them deal with attitudes
in the psychosocial sense we defined above. Most of these
attitudes are unidimensional (modelled with one vector x, each
component xi denotes the opinion of agent i), and treated
as an opinion like in the bounded confidence framework [6]
[15]. This is problematic for job satisfaction, as our attitudinal
approach makes the distinction – well established in social
psychology – between an opinion (verbal, external) and an
attitude (three dimensional, internal). Moreover, as recalled
above, an attitude is strongly multi-dimensional, based on
several components and several features.
Some models are inspired by psychosociological theories
[22] and some of them incorporate multi-dimensionality [40].
However, though they model the resulting changes in attitude
(usually through communication and diffusion), they do not
consider the inner mechanism that builds the attitude. In
other words, the attitude formation is black-boxed, while here
we aim to open the box in order to understand and study
the determinants of job satisfaction. Hence, our model is
not only to be inspired by psychosociological theories: we
want to implement them (in the sense of [21]). As for agent
interactions, we go beyond diffusion or communication by
modelling a complete social comparison process, as it as been
shown by the literature to be a crucial component of job
attitude [9].
Finally, our mid-term / long-term goal is to provide a
decision-aid tool for managers that aim to improve job satisfac-
tion within their firms. Therefore, we need a rich and realistic
enough model. In particular we must incorporate the elements
(e.g. job conditions,...) we find in actual firm organization and
that manager will seek to adjust.
D. Our approach to job satisfaction : the HappyWork frame-
work
As stated before, we follow here an attitudinal approach.
Moreover, we will focus only on the cognitive dimension of
job attitude, for two main reasons. First, most of the surveys
and data available on job satisfaction only capture the cognitive
dimension [42]. The affective one is difficult to measure and
to model at the moment [10]. Second, even if behavioural
dimension is a mid-term/long-term goal of our project, it
implies to include a work-at-the-firm dynamics and a firm
organizational model that are out of scope for this paper.
Our approach for job satisfaction, we call the HappyWork
framework, is based on subjective feature evaluation and
comparison process with standards. If we take the point
of view of organizational psychology and econometrics, the
features will be the characteristics of the job, and concern the
job at different levels like work load, demand for creativity,
autonomy, salary, etc. They are subjective perceptions of the
job and could be accessible through surveys.
Defining standards is a difficult task, as there is no accepted
consensus on their type and content: in Locke’s value-percept
model [25], standards are personal values; in Adam’s equity
based model, standards are others’ job content; in Cornell’s
model [34] standards are past experiences and social values.
Michalos [27] tried to synthesize these approaches in his multi-
discrepancy theory (MDT) and proposed several comparison
couples like self/wants, self/others, self/past best, etc. From
our review of this literature, we have selected two types of
standards and hence two types of comparison :
• a social comparison where a subject compare his/her job
situation with some other individuals (denoted as social
referents)
• an historical comparison where a subject compare his/her
job situation with the ones he/she had in the past (denoted
as past referents).
To these comparison processes, we add a third component:
the direct effect that represents a direct evaluation of job
features. This component is intended to capture individuals
and environment differences, like the interaction between work
and family/private life and job features’ impacts on health or
on the fulfilment of one’s needs.
The Happywork framework is summarized in the Figure 1
below.
Fig. 1: The HappyWork Framework : cognitive process of job
evaluation resulting in job satisfaction
At first, agent a acquires information about the job and com-
parison standards: a job feature perceptions vector RQ(a), the
job features for referent r RQ(r) and past job features RQ(h).
Once the three cognitive sub-processes (social, historical and
direct) have been performed, a final aggregation can be done to
obtain the overall job satisfaction (corresponding to the answer
to a question like :“overall, are you satisfied with your job”).
This is the general modelling framework we propose to get a
cognitive model of job satisfaction that will be well-grounded
on social psychology. However, in this paper, we will describe
and study the social comparison component only.
Finally, in HappyWork, we promote a data-driven approach,
in order to account for real data deriving from field surveys.
Thanks to our partner Technologia, we were able to use some
of their questionnaires and surveys to feed our agents at
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initialization, and study their job satisfaction dynamics (see
section III-A below on data collection).
II. AGENT-BASED MODEL OF JOB SATISFACTION THROUGH
SOCIAL COMPARISON
A. Model inputs and initialization
Let A be the set of agents in the simulation. Let Q =
{q1, . . . qn} be the set of job characteristics, these character-
istics being sorted out in a set of job dimensions d ∈ D =
{d1, . . . dm}. Q and D will be provided by the questionnaire
we aim to study. Hence every agent a ∈ A is initialized with
values RQ(a) = [q1a, . . . qna] that encode his/her subjective
job feature perception – namely their response to the question-
naire on each feature qi. For instance, subjects were asked to
evaluate their agreement in a scale from 1 to 4 to statements
like : “Your job demand to work fast”, “In my job, I have
to learn new things” or “My colleagues are professionally
competent”. RQ(a) could be continuous or an integer for
ordinal data (like in Likert scales [24]).
Note that there is a direct and monotonous link between sat-
isfaction and questionnaire response values. Whether ordinal
(Likert) or continuous, Q is designed so that the highest the
value of qia, the highest the (subjective) satisfaction of a is
on characteristic qi.
B. Discrepancy evaluation
The social comparison implies a computation of the dis-
crepancies ∆(a, r) between an agent and his referents where
r denotes one particular referent chosen by a. We have:
∆(a , r) = [δ(a, r, q1), . . . , δ(a, r, qn)]
where, δ(a, r, q) ∈ [−1; 1] computes the discrepancy between
a and r on feature q. δ(a, r, q) > 0 means that a feels to be
better than r on characteristic q ; when δ(a, r, q) < 0 we have
the opposite, that is, a feels to be worse than r on q; and if
δ(a, r, q) = 0, a feels similar to r on q.
Let min(qi) and max(qi) be respectively the minimal and
maximal values of question qi in the input data set. Then :
δ(a, r, qi) =
qia − qir
max(qi)−min(qi) (1)
As one can notice in equation 1, δ is not a distance function;
in particular it is not symmetrical.
C. Social comparison
For social comparison specification we take our inspiration
from well established psychological field of social comparison
(see [38] for a review). In direct line with Festinger’s seminal
work, social comparison is conceptualized as a mean to
achieve a self-evaluation in a particular social environment
[37]. Our social comparison mechanism is inspired by Selec-
tive Accessibilty Model (SAM) from Mussweiler [28][29][30].
According to Mussweiler, people compare with each other
using three main processes :
1) the subject a uses a set RS(a) of referents as a basis
for the comparison ;
2) for each referent r ∈ RS(a), if a feels similar enough
with r, then he/she engages the comparison process
3) at this stage two different sub-processes might occur:
assimilation, when a feels very close to the referent
r and seeks similar features with him, or contrast, the
opposite case when a feels different and will focus then
on contrasting features with r.
Hence, our process of social comparison can be modelled
as a sequence of three distinct steps: referent and informa-
tion selection, similarity hypothesis testing, and assimilative /
contrastive interpretation of comparison content. Let us now
detail these three steps.
1) Referent selection: Classical definition of social referent
encompass closeness and similarity, e.g. [9] [37]. While these
concepts have no clear definitions, referents in work orga-
nization are basically the people we interact with [16][33],
colleagues [32] and generally people in close environment
[11]. In absence of data regarding the real social network,
we decide as a preliminary step to randomly assign for each
subject a a set RS(a) of referents, with cardinality RN :
∀a ∈ A RS(a) = {r1, . . . , rRN}
∀k ∈ {1, . . . , RN} rk = RandomAgent(A,RS(a)) (2)
where RandomAgent(A,RS(a)) returns a randomly picked
agent from A that is not already in RS(a). We denote
RefSort the sorting probability for this random process.
2) Similarity hypothesis: In this step, agent a must decides
whether it is close enough to referent r. To do so, a computes
modeInit(a, r) ∈ [0; 1] as the number of features on which
a and r have different values (i.e. do not share the same
feeling on this job characteristic). Hence, 0 means a complete
similarity, and 1 a complete dissimilarity. However, following
Mussweiler [29], modeInit(a, r) is not computed on the
entire job feature set. In fact, people typically select few
salient information about their referents to engage in a basic,
spontaneous and preliminary comparison process. Because
these salient information are priming stimulus, they should
be defined by their accessibility [29]. We denote this salient
feature set SF (Q), typically the employment conditions, like
wage, working hours, status, years of service, etc. Then
modeInit(a, r) would be the proportion of features in SF (Q)
where a and r differ.
If modeInit(a, r) exceeds a given deflection threshold
σdeflect, the comparison target is too dissimilar. In that case,
the referent is deflected [36] and no comparison occurs.
Otherwise, the similarity hypothesis is supported and a moves
to the third step.
3) Assimilation and contrast outcomes: According to SAM
theory, comparison outcome depends on comparison content
and “on what information is cognitively accessible” [38].
Content is defined by the direction of comparison, namely
downward when a compares his/her self with someone he/she
feels to be worse off or upward comparison for the opposite.
SAM conceived accessible information as priming stimulus
focusing on similarity or dissimilarity. The model posits that if
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someone is primed to insist on similarities with the comparison
target, then assimilation effect is likely to occur. On the
contrary, if someone is primed to insist on dissimilarities with
the comparison target, then contrast effect is likely to occur
[36][29].
Moreover, assimilation tends to increase/decrease a’s evalu-
ation on feature q as a result of comparing with someone bet-
ter/worst on this feature q [44]. Contrast typically render oppo-
site consequences, that is a decrease/increase of self-evaluation
when comparing with someone better/worst off. This could be
summarized in Table I below, where IC(a, r, q) ∈ [−1; 1] is
the outcome of a’s comparison with referent r on feature q.
IC(a, r, q) > 0 means that a’s comparison with r will tend to
increase a’s satisfaction on feature q. IC(a, r, q) < 0 means
that a’s comparison with r will tend to decrease a’s satisfaction
on feature q.
TABLE I: Assimilation and contrast outcomes
r is better ; δ(a, r, q) < 0 r is worse ; δ(a, r, q) > 0
Assimilation IC > 0 IC < 0
Contrast IC < 0 IC > 0
The comparison process is conducted as below :
• If subject a feels similar enough to r, that is if
modeInit(a, r) < σassimil, then a performs an assim-
ilation comparison. σassimil is called the assimilation
threshold, it represents the minimum proportion of similar
features – taken from the set SF (Q) of salient features –
between a and its referent r to trigger an assimilation
process. In that case, following Table I, we compute
the impact IC(a, r, q) as IC(a, r, q) = −δ(a, r, q).
However, several sociopscyhologists [44][29] have found
that comparison often exhibits mixed - assimilation and
contrast - effect even though someone feels very close
to comparison target. Therefore the final impact during
assimilation becomes:






where simil(a, r) computes the overall similarity be-
tween a and r as the proportion of features on which
a and r feel similar, here taken on the entire feature set
Q. αtransfer defines the minimum required similarity to
ensure the assimilation effect will occur : at the contrary,
if simil(a, r) < αtransfer then 1− simil(a,r)
αtransfer
> 0 and so
IC and δ will have the same signs, denoting a contrast
process (see Table I).
• Otherwise, if modeInit(a, r) ≥ σassimil, the con-
trast comparison occurs and, following again Table I,
we have IC(a, r, q) = δ(a, r, q) · dissim(a, r) where
dissim(a, r) = 1 − simil(a, r) computes the overall
similarity between a and r.
The complete impact comparison is summarized in the
algorithm below :
Algorithm 1 Comparison impact computation
for all r ∈ RS(a) do
if modeInit(a, r) > σdeflect then
bypass r and continue
else
if modeInit(a, r) < σassimil then
for all q ∈ RQ(a) ∪RQ(r) do {Assimilation}







for all q ∈ RQ(a) ∪RQ(r) do {Contrast}





Figure 2 displays the different comparison processes, ac-
cording to σ values.
Fig. 2: Assimilation, contrast and deflection according to σ
values
D. Social comparison aggregation
We must now compute the final social comparison outcome
for agent a from its IC(a, q, r) values. This is done through
a sequence of multicriteria aggregations:
At first, because dimensions are the main facets of job
satisfaction, we aggregate along the features of each dimension
to obtain the aggregated comparison impact ICD(a, r, d) on
each dimension d ∈ D :
ICD(a, r, d) = WOWAqj∈d(IC(a, r, qj)) (4)
where WOWA denotes the weighted ordered weighted av-
erage multi-criteria aggregation operator [39]. Then, all the
referents r ∈ RS(a) will be aggregated to get the overall
comparison impact on dimension d, ICA(a, d) :
ICA(a, d) = OWAr∈RS(a)(IC(a, r, d)) (5)
where OWA denotes the ordered weighted average multi-
criteria aggregation operator [45]. We do not need a WOWA
here, as we have no information on the subject preference
relations concerning his/her referents.
People are not equally sensitive to social comparison, they
could react more or less to comparison impacts depending
on their social comparison orientation (SCO) [3] or their
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emotional arousal. Thus, we add a non-linear sigmoid trans-
formation of the comparison impact aggregation (ICA):
CompSoc(a, di) = tanh
(
ρa · ICA(a, di)
)
(6)
Hyperbolic tangent is used to saturate comparison impacts,
while parameter ρa stands for the sensitivity to comparison
for a. CompSoc(a, di) is the job satisfaction for dimension
di.
Finally, we compute the final social comparison outcome
SocSat(a) ∈ [−1; 1] with a WOWA aggregation of the job









III. AGENT BASED SIMULATION EXPLORATION OF JOB
SATISFACTION SOCIAL COMPONENT
Multi-agents based simulations are very tricky to explore
and even more with a global descriptive perspective. Given that
our model is particularly detailed, the mechanisms underlying
agent behaviour are not simplistic to explain. In this paper, we
decided to restrict our analysis to a key element : the effects
of the assimilative / contrastive mechanism.
A. Data collection and initialization process
The set A of agents is initialized from real word data
coming from a manager’s satisfaction survey conducted by
our partner Technologia, within a big French company. There
are 178 agents in this dataset, and all the questionnaires Q is
made of Likert scales. There are 4 dimensions in D : the 3
Karasek dimensions – i.e. job control (JC), job demand (JD),
and social support (SS) – and employment conditions (EC).
Referent sorting probability function RefSort is set to an
uniform distribution within the agent set A.
B. Simulation protocol
The idea that leads the exploration of the model relies
on understanding the impact of assimilation and contrast on
final social comparison outcome (eq. 7). To do so, we aim to
study three typical psychosociological profiles, that will be
set through a combination of σsimil and αtransfer values :
1) High Assimilation (PHA) : a conjunction of highly per-
missive “priming on similarity” (high threshold σsimil)
and a high orientation toward assimilation outcome (low
αtransfer). This profile represents a very high propen-
sity to assimilate with someone else, and therefore will
serve at gauging typical outcomes of quasi-systematic
assimilation.
2) Moderate Assimilation (PMA) : the “priming on sim-
ilarity” threshold remains high (σsimil = 0.6) but
the predisposition to assimilation outcome is lowered
(higher αtransfer = 0.6 so a contrasting counter-effect
is more plausible).
3) High Contrast (PHC) : it represents a social comparison
based on contrast, that is a low threshold of dissimilarity
(priming on similarity is very restrictive) and keeping a
high αtransfer to trigger contrast.
Table II displays the values that implement these 3 profiles
in our simulations :
TABLE II: Profile parameters
σsimil αtransfer
High assimilation (PHA) 0.6 0.2
Moderate assimilation (PMA) 0.6 0.6
High contrast (PHC) 0.2 0.6
For each simulation, all agents are initialized with the same
profile. All other parameters remain constant over simulations:
namely, the initial set of referents is set to 10% of agent
population, σdeflect = 0.8, individual comparison orientation
given by : ∀a ∈ A ρa = 2. For sake of simplicity, the
OWA and WOWA operators are set to mean operators, and the
weights for WOWAs are derived from feature and dimension
weights available in the data set. For the Salient Features
SF (Q), we have the employment conditions, the seniority
within the firm, and the employee qualification.
C. Analysis of static simulation
First of all, a static analysis has been carried out in order
to evaluate the basic impact of parameters. We use a quartile
representation of agent job satisfaction, where we computed
the average of final social comparison outcomes within 4
groups, each of one corresponding to each quartile (from the
Q1 quartile of 25% most satisfied to the Q4 of 25% least
satisfied agents). We conducted 50 runs for each profile of the
defined profile parameter and average the values over these
runs to get the outputs shown below.
1) Assimilation vs contrast: The results are displayed in
Table III, showing the proportion of contrast and assimilation
in the comparison. For instance, a contrast value of 0.3 means
that on average the agents feel to be in a contrasting position
with 30% of their (non deflected) referents. We compute
the assimilation proportion likewise. The deflection score is
computed as the proportion of deflected referents. As expected,
we observe clear tendencies depending on the profile we
defined above. High and moderate assimilation (PHA & PMA)
display assimilation to be more than twice often as contrast,
when high contrast has a very high proportion (PHC) of
contrast and almost no assimilation.
TABLE III: Proportion of assimilation and contrast
Contrast Assimilation
PHA & PMA 0.30 0.70
PHC 0.95 0.05
2) Link with declared satisfaction: For each profile, we get
a different quartile distribution and we can compare it with
the average declared (in the survey) job feature value on each
quartile. The average is based on a Likert scale value trans-
position. The initial value of response statement is transposed
in [−1; 1]. For example, on a Likert of 4 scales values are
transposed as follow {1, 2, 3, 4} ⇒ {−1,−0.33, 0.33, 1}. As
displayed in Table IV, we identified a correlation between
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these declared feature values and propensity to assimilation
or contrast. In fact, it appears that for PHA social comparison
impact is inversely correlated to declared job feature values.
TABLE IV: Mean of job feature declared evaluations per
quartile and profile
Q1 & Q2 (Highest) Q3 & Q4 (lowest)
PHA 0.17 0.34
(±0.4) (±0.37)
PMA & PHC 0.37 0.15
(±0.34) (±0.42)
This could be explained by the fact that, as we already
mentioned in our model description, assimilation tends to
reverse the sign of the comparison content – upward or
downward (cf. Table I). Therefore, people with a high (low)
job feature value tend to decrease (increase) their job attitude
when they compare and assimilate with worse (better) subjects
on this feature.
D. Simulation exploration based on scenarii
We present here an empirical exploration of simulation ac-
cording to a simple scenario, based on organizational policies
regarding job enhancement and design [13][35]. These policies
are targeted at employees that suffer deprivation in work
motivation within an organization. In our scenario, this can
be improved by raising some job feature values in agent job
representation RQ(a), like task identity and variety, autonomy,
or relation with others (job enrichment, see e.g. [12]).
In our simulation, the improvement occurs as follows:
at each tick, after agents have compared themselves with
their referents, the organization takes a set of NI agents
and increases a number FI of their lowest feature values,
and repeats this process at each tick until all agents have
a job satisfaction level SocSat above a threshold λ. In our
experiments we set λ = 0.
First of all, we display in Table V the average of agents’
job feature values along the 4 dimensions (EC, JC, JD and
SS). We use the same transposition than in Table IV, but
compute average feature values taken from dimension rather
than from the entire set of feature. These values are calculated
at the start of the simulation for line 1 while the lines 2
to 4 show average feature values at the end of the scenario
for population of agent with profile PHA, PMA and PHC
respectively. From start to end, dimension value indicators
have actually been significantly raised as the result of job
enhancement, but relatively less for PHA than for PMA and
PHC. More over, the standard deviations are quit high for PHA
compared with the other two profiles, suggesting that for many
agents the satisfaction is much lower that this average and
therefore these agents will not see much improvement. Pure
assimilation seems to be a profile more difficult to improve.
Now, we show typical graphics of satisfaction dynamics
in figures 3 below. These ones depicted information about
final social comparison outcome, from lowest (red) to highest
quartile (purple), that is the average of job satisfaction for
TABLE V: Policy impact on global job feature values per
dimension for scenario with NI = 0.04 and FI = 1.
EC = employment conditions; JC = job control;
JD = job demand; SS = social support.
EC JC JD SS
Start (t=0) −0.05 0.18 0.19 0.74
(±0.44) (±0.14) (±0.24) (±0.1)
PHA end 0.52 0.56 0.58 0.85
(±0.50) (±0.39) (±0.39) (±0.14)
PMA end 0.85 0.90 0.87 0.87
(±0.13) (±0.10) (±0.16) (±14)
PHC end 0.73 0.96 0.96 0.96
(±0.08) (±0.08) (±0.08) (±0.10)
each quartile including standard deviation. y axis depicted
job satisfaction average level, and x axis displayed simulation
ticks.
In Figure 3a (PHA profile), high assimilation process shows
a persistent dispersion of satisfaction values, the gap between
the four quartiles remains constant along the simulation. That
means there is no real improvement on average and therefore
the policy failed.
By contrast, in Figure 3c (PHC) corresponding to high
contrast agents, we have a very different result : the gap
between job satisfaction quartile is significantly reduced and at
the end the attitudes increase for all the four quartiles, meaning
a success in the policy. This was at the cost of the Q1 quartile
(most satisfied) that have their satisfactions slightly reduced,
thanks to the social comparison process.
As expected the moderate assimilation depicted in Figure
3b lies in between the other two cases. The gap is actually
reduced (a sort of consensus on job satisfaction among the
population) but there is no significant collective improvement
: the most satisfied display a satisfaction decrease, and the
worse off show a little improvement. In that case, it is difficult
to assess if the policy succeeds or not.
We now investigate on transition flows over the λ parameter.
Results in Table VI show that improvement is almost total in
the high contrast context, while high and moderate assimilation
show more mixed flows. Thus, in our high contrast, 100% of
unsatisfied subjects become satisfied (move above λ) at the
end of the scenario, and only 5% of the initially satisfied ones
become unsatisfied (95% keep their positive job attitude). In
assimilation profile agents show a greater resistance against job
improvement : more of them remain in a negative satisfaction,
less of them shift to a positive one. The resistance is slightly
reduced when assimilation is only moderate.
TABLE VI: Transition flows for scenario 1
Stay neg Stay pos pos → neg neg → pos
PHA 0.38 0.9 0.1 0.62
PMA 0.22 0.8 0.2 0.78
PHC 0.0 0.95 0.05 1.0
To sum up, the more contrast you have, the better the
improvement you will get, but the more organization has
to invest on job enhancement policy. Whatever the profile
is, aeast 80% of agents remain satisfied and at least 62%
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(a) High assimilation (b) Moderate assimilation
(c) High contrast
Fig. 3: Simulation results from scenario 1
become satisfied. In High assimilation, we found the lowest
improvements. As we shown in Table IV, the lowest quartile
in PHA have initially the highest job feature values, so maybe
there was not much to improve. More convincing, because of
the sign reversal at the core of assimilation (remember Table
I again), if a PHA agent’s situation is improved so that he
feels even better than his referent, that will have a negative
impact on his social comparison outcome (IC < 0), thanks to
assimilation.
IV. CONCLUSION
In summary, we explored consequences of social com-
parison on job evaluation. We showed that assimilation and
contrast lead to very different outcomes in term of response
to job content policy improvement. From an organizational
point of view, job improvement could lead to unintended con-
sequences. Nevertheless, these results needs further analysis
to be confirmed. Along with a deeper sensitivity analysis of
the parameters, we could improve the scenario by mixing
job feature raises and diminutions, or changing referents over
time (mimic a local re-organization of work processes). We
also plan to explore more the cognitive profiles. For instance,
we will study the behaviour of mixed agent population,
made of different cognitive profiles (PHA, PMA and PMC).
Nonetheless, we have shown in this preliminary paper how
our agent-based model could be used to assess a particular
job improvement policy.
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